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Abstract
A new probabilistic model to simulate generation investment and risks applicable in a
deregulated market is proposed. In this process, probabilistic production cost simulation is applied
to simulate energy dispatches. Electricity prices are simulated from a modified Black-Scholes-
Merton (BSM) based price simulation model. In this work, the existing BSM model is enhanced
thus making it possible to simulate the demand and supply conditions in price determination. A
complete investment analysis model is then developed by integrating the above two simulation
processes. Using this model, generator investors can analyze the impacts on the anticipated
revenue due to different plant efficiency, availabilities, bilateral contract markets and changes in
demand and supply conditions. Simulated results show that the proposed model is able to analyse
the viability in generation investment with much simplicity.
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1 Introduction 
In a vertically integrated power system utilities were entitled to recover their 
investment costs using an adequate and guaranteed rate of return.  The expected 
price of supply was then calculated based on this regulated rate of return [1-3].  As 
a result, no market risks existed except for the occasional risks of unfavorable 
regulatory decisions and cost overruns in project completion.  Even then, such 
costs could have been passed on to customers [2]. 
Following industry deregulation, the traditional decision framework for 
generation investments have changed.  The conventional least cost generation 
expansion model, under which the objective of investment planning process was to 
minimize the overall cost of meeting the demand at a required level of reliability, is 
no longer appropriate.  Now generators are independent entities and each investment 
has to be analysed individually for their viability.  These investment decisions 
require an analysis of both the risks due to different technology options and also the 
risks due to competitive market forces.  In such an environment deterministic 
approaches for investment analysis, such as levelised cost assessment methods, are 
not suitable as they do not address market uncertainties.  
Investment assessment tools such as option and portfolio theory used to 
assess investment risks due to market uncertainties such as in [4-5] are still an 
emerging field and is hampered by some limitations.  A major limitation is that the 
models are typically suited for goods that are only storable and widely 
transportable [3].  Similarly, portfolio theory applies to a firm with large portfolio 
of plants [5] making it less useful for individual Generation Company (GENCO). 
Profit maximizing behavior of competitive GENCOs in a deregulated 
market can still be modeled in a traditional production cost model if markets and 
plants constraints are properly addressed [6].  Ramos et al [6] solved the 
production cost problem for unit commitment applying in a game theoretic 
framework and simulated the expected revenue of profit maximising generators.  
In their work, generator revenues, however, are calculated based on the short run 
marginal prices.  Obviously, simulation of generator revenue requires simulation 
of electricity prices taking into account of several market uncertainties.  In 
addition, their work is more applicable for operational planning than investment 
planning.  
A more pertinent examination of generation investment in a deregulated 
environment is provided by Su and Wu [7].  Their approach uses probabilistic 
production cost (PPC) simulation to address market uncertainties in addition to 
variability in generators’ technical characteristics, namely, their forced outage rate 
(FOR).  Su and Wu [7] have extended the PPC technique by introducing 
stochastic variation into the bidding prices used to decide plant dispatch orders.  
Bidding prices are simulated as a sum of marginal costs and random expected 
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profits.  Subsequently, probability distributions of revenue and corresponding 
risks were computed by Monte Carlo simulation using the PPC outputs.  The 
assumptions used to calculate GENCOs profits, however, are unrealistic and are 
contrary to the profit maximizing behaviors of individual firms.  Moreover, their 
approach ignores market simulation for electricity prices.  Such limitations make 
it hard to judge the significance of their results. 
In this study a new probabilistic model to assess generation investment and 
risks addressing the underlying uncertainty factors in deregulated markets is 
proposed.  Energy dispatch is computed from the PPC simulation [7-8].  Given that 
the revenue and risks from investment are highly dependent on electricity prices and 
energy dispatches, a robust market model, a modified price simulation model based 
on Black-Scholes-Merton (BSM) framework is proposed.  
Historically, electricity price forecasting is performed with least-cost 
optimization model, which is a basic engineering “bottom up” approach.  In such 
approach, market clearing prices are simulated by modeling the balance between 
supply and demand embedded with other underlying price drivers such as 
generation availabilities, efficiencies, fuel prices and the transmission network 
constraints etc.  Commercial software such as ProSym by Global Energy Decisions, 
IPM by ICF Consulting, UPLAN by LGC Consulting, PROMOD by New Energy 
Associates, PROPHET by Intelligent Energy Systems, PLEXOS by Energy 
Exemplar (formerly Drayton Analytics) are some of the models based on the 
fundamental “bottom up” approach.  
However, introduction of competition in electricity industry means that 
electricity prices are now the outcome of variety of market mechanisms, rather than 
resulting from cost-based engineering calculations only.  Market participants’ 
rational competitive behavior and their objective of maximizing income are difficult 
to address with the “bottom up” approach [9]. 
A major limitation with the “bottom up” approach is the need for large 
amounts of data on existing equipments and system.  Much of these data have now 
become a proprietary under the deregulated environment making it extremely 
difficult for merchant participants for their access. Yet, utilization of such model can 
be effective only if it is used by market operators and regulators who have access to 
such information [10-11].  At the same time, the simulation time taken by such 
model is significant even for a single simulation year.  Therefore, such models lack 
the ability to be combined with many other existing or developed investment 
planning models.  
In contrast to those fundamental models, statistical methods relate market 
prices to observed factors that impact prices.  Such time series statistical models are 
based on a “top down” approach and use historical data to estimate the price 
parameters of prices.  Such models describe the price evolution based on the market 
movement and underlying volatilities.   
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In addition, some stochastic models hold the additional advantage of having 
the ability to capturing the fat tails of energy price distributions quite well [12].  
Moreover, in a market environment electricity prices are often affected by factors 
from two markets- a contribution from a spot market where electricity is bought and 
sold at spot prices, and a contribution from a contract (or derivatives) market where 
different financial contracts are traded.  Such financial contract markets often 
contain embedded options, the valuation of which requires stochastic model for 
electricity prices [13].  
In this paper, a stochastic modified BSM price simulation model – the mean 
reverting jump diffusion process (MRJDP) [12, 14] is proposed.  It is relatively 
simple model and does not require vast information that most other engineering 
driven models would require.  Model parameters are extracted from the historical 
prices that are the outcomes of cost of production, bidding strategies, constraints 
and market rules.  Hence, this model can mimic the price dynamics by capturing 
the price variations caused by less tangible factors such as speculation and market 
power [12] which are difficult to represent with structural and engineering driven 
models.  However, this model has limitation as it does not incorporate 
transmission constraints separately.   
Initially, though, the basic BSM based MRJDP price simulation model has 
been outlined, this paper proposes an extension of the BSM- MRJDP price model 
capable of simulating the influence of system demand and supply in electricity 
prices.  This is in contrast to existing MRJDP techniques which cannot model the 
system demand and supply factors in price simulation, reflecting the fact that 
these techniques are derived from asset pricing model in financial markets.  
However, system demand and supply on statistical price modeling have been 
modeled in a previous work by Davison et al [13].  In that work, an empirical 
function between probabilities of price spikes and demand to capacity ratio is 
developed from the historical data.  This approach though is less successful at 
modeling non-spike conditions, in contrast to the proposed methodology which 
should be applicable across a range of different system and price conditions.   
Section 2 of this paper details the development of MRJDP price model 
capable of modeling electricity demand and supply factors.  Section 3 outlines the 
overall process used in the generation investment analysis.  Section 4 presents the 
case studies using the model addressing three important factors responsible for 
profits and risks in generation investment, namely: 
1. Technology options (for efficiency and availability); 
2. Market structure (bilateral contract and pool); and 
3. System conditions (demand and supply scenarios). 
The investment analysis is carried out for two contrasting generator types: 
(a) Base load coal plant -350MW and (b) Peak load combined cycle gas turbine 
(CCGT) plant-320 MW. Importantly, all studies are conducted using a realistic 
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system data taken from that of the authors’ home state of Queensland (QLD) 
Australia, along with the associated market data [15-16].  The conclusions of this 
paper are presented in section 5. 
2 Electricity Price Modeling 
2.1 Black-Scholes-Merton (BSM) price model  
The basic BSM approach uses the concept of continuous time stochastic process 
(such as asset price) whose logarithm of the randomly varying quantity follows a 
Brownian or Wiener process.  In this model, the proportional changes in the asset 
price S are assumed to have constant drift μ and volatility σ.  Mathematically, this 
property can be explained by the following stochastic differential equation [14].  
d S = μ S d t+ σ S d z       (1) 
Here, dS represents the increment in the asset price process during a 
infinitesimally small interval of time dt, and dz is the underlying uncertainty 
driving the model and represents an increment in Brownian or Wiener process 
during dt.  The assumptions in above equation implies that future asset prices are 
log normally distributed, in other words, returns on the asset are normally 
distributed.  The energy prices also follow the above property.  Figure 1 shows the 
normal distribution of returns of the Queensland (QLD) spot prices during 
1/6/2005-31/5/2006 at 24.00 PM. 
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Figure 1.  Daily Price returns of Queensland spot price at 24.00 PM 
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2.2 Estimation of mean reversion parameters 
However, unlike the asset prices represented by equation (1) above, the tendency 
of electricity prices are mean reverting, that is, it tends to move back towards the 
long term equilibrium level with time.  This is an important property of energy 
spot prices which could be incorporated in the original BSM model.  It is achieved 
by modifying the equation (1) to represent the mean reverting spot prices [14].  
Where, 
dS=α(μ-lnS)Sdt+σSdz      (2) 
First term in (2) shows that electricity spot prices mean revert to its long-term 
level with the relation S e μ=  at a speed given by the mean reversion rate α, 
which is a positive parameter.  Equation (2) shows if the spot price is above the 
long term level S then the drift of the spot price (μ-ln S) becomes negative and the 
price tends to revert back towards the long term level.  Similarly, if the spot price 
goes below S drift becomes positive.  The second term in (2) represents the 
underlying uncertainties in price within the time interval dt as a Brownian or 
Wiener process.  It assumes prices to be log normally distributed, in other words, 
price log returns (log St –log St-1) are to be normally distributed. 
2.3 Estimation of jumps parameters  
Equation (2) above still fails to model the jumps (spikes) in spot prices.  To model 
the jumps in spot price the stochastic differential equation of BSM model (2) has 
to be further modified to equation (3) [12, 14].  The change in price dS in some 
time interval dt is given by: 
SdqSdzSdtSdS κσμα ++−= )ln(    (3) 
Where; 
S = instantaneous electricity price 
α = mean reversion rate 
μ = drift rate 
σ = price volatility  
dz = uncertainty in prices as a Brownian or Wiener process 
κ = proportional jump size 
dq= jump process index,  
dq = 1 for jumps, dq = 0 for no jumps 
The additional third term in (3) represents the jump process in electricity 
prices. These jumps are assumed to occur randomly after which prices reverts 
rapidly back towards the long-term equilibrium level. 
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2.4 MRJDP parameter calibration process 
To represent a real price process, equation (3) is further simplified and discretised 
to calibrate the mean reversion and jump parameters as shown in (4): 
( ) iiiii uttxx 21
2
]
2
)([ γεκεσσμα ++Δ+Δ−−=Δ    (4) 
Here; 
x = ln S, (log of spot price) 
φ = jump frequency (average jumps/year) 
ε1i , ε2i = normal distributed random variables, ε ~ N (0, 1) 
ui = uniform random variable 
if tu i Δ< φ , ui =1 otherwise ui = 0  
γ = standard deviation of jumps  
∆t = T/N, (T= simulation period, N=Nos. of time steps in period T).  
The first two terms in (4) can be simplified further: 
εσαα txx Δ++=Δ 10    (5) 
The parameters to describe the price process can then be obtained by 
determining the relationship between the logarithmic of observed or recorded spot 
prices x and price log returns Δx using a process of linear regression.  The values 
of α0 and α1 are the intercept and gradient respectively of the regression line.  It 
could be expressed more formally:  
α0 = intercept of regression line = [α μ -½ σ ²] ∆t   (5a) 
α1 = coefficient of independent x variable = - α ∆t   (5b) 
The third term εσ tΔ  represents a normally distributed error factor, where, 
Δt
1ReturnsDeviationStandardσ ×=    (5c) 
Further details on calibration process are found in [12, 14]. 
The third term in (4) is estimated from a recursive filter technique [14].  In 
this process, any price log returns more than three times the standard deviation of 
the sample price log returns are defined as jumps.  In the filtering process, such 
jumps are filtered out from main samples until no further jumps are identified.  
Ultimately, the samples parameters Φ, κ and γ are calculated from the filtered 
sample. 
The outcome of the calibration process is a model that can be used to predict 
incremental changes in spot price.  Given the calibrated parameters, a new value 
of Δxi can be simulated for each incremental time step ∆t.  This, in turn, can be 
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used to estimate a new spot price as shown in (6):  
ii xxi eS Δ+−= 1    (6) 
2.5  Proposed price modeling framework 
It was highlighted earlier that the existing MRJDP price model as given by (3) and 
(4) do not adequately capture the relationship between the expected profits and 
risks with varying demand and supply conditions.  In order to capture this link, a 
concept of 'normalized demand' is introduced in the calibration process. 
Normalized demand is defined as a ratio of demand to available (committed) 
generating capacity. To formalize the relationship between demand and price, 
historical price samples n are classified into optimal number of B ‘bins’ of 
‘normalized demands’ by Sturge's rule (7) [17].  
nB 10log3.31+=     (7) 
The calibration process is then completed for each of the price groupings, 
allowing the MRJDP parameters to be expressed as functions of normalized 
demand. 
This study has used 17,520 price samples (n) grouped into corresponding 15 
bins (B) consisting of half hourly price recorded for the period of 27/03/2004 -
27/3/2005 from Queensland power system.  Based on the observed relationship 
between normalized demand and the parameters of developed price model, 
approximate relationship that best summarizes the trends have been derived.  
Mathematically, these relationships can be summarized by equation (8), (9) and 
(10). In these equations, 'D' represents normalized demand ratio.  
12715)ln(3.2405 += Dα    (8) 
9708.0285.3 += Dμ    (9) 
De 13.03968.3=σ    (10) 
For other parameters, jumps volatility (γ) and jumps frequency (φ) with 
normalized demand ‘D’ do not show any consistent trends for the given data.  
According to [14] jumps size (κ) are not easy to estimate accurately and robustly 
hence in practice κ is usually set to zero.  However, in this study, these parameters 
are calibrated by putting the total samples in a single ‘bin’ and used for all 
normalized demands.  Further research is needed to conclude their accurate trends 
with normalized demand. 
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3 Generation Investment Analysis 
Having developed a MRJDP price simulation model that is responsive to system 
supply and demand conditions; it is now possible to address the more important 
question of generation investment viability. 
3.1  Proposed framework of investment analysis 
A succinct flowchart of the proposed investment analysis model is presented in 
Figure 2. The process consists two key parts:  
a) PPC simulation for generator dispatch; and  
b) MRJDP simulation for market clearing prices.  
In the PPC simulation, forecasted load and the plants' economic and 
engineering data are used as input.  Loading order is decided based on the plants' 
short run marginal costs (SRMC).  Subsequently, energy dispatches from each 
plant that allow system demand to be satisfied are simulated.  In this study, the 
PPC simulation process is implemented using the equivalent energy function 
(EEF) as this technique is accurate as well as computationally efficient [8, 18].  In 
addition to energy dispatch, EEF algorithm also provides additional outputs such 
as Expected Energy Not Served (EENS) and Loss of Load Probability (LOLP).  
Further details on EEF technique can be found in [8]. 
Once plant loading order has been established, it is then necessary to 
determine plant revenue, starting with an evaluation of electricity price.  The 
MRJDP simulation uses historical pool price data, system demand and generation 
capacity to calibrate price parameters. Once these are calibrated future prices are 
simulated including the forecasted demand and generation capacity (process 
shown by dotted lines in Figure 2).  GENCOs' expected revenue and risks are then 
calculated based on the energy dispatch and price simulation outcomes. 
The simulations were carried out in a Monte Carlo simulation framework for 
½ hourly time steps.  The whole simulation were repeated for number of sample 
years until the convergence criteria β (standard deviation of EENS/expected 
EENS) is achieved.  In this study, the simulation was terminated when value of β
reached equal to 0.005. 
3.2  Cost benefit analysis 
From the outcome of the PPC and price simulation, expected revenue, expected 
profits and expected Net Present Values (NPV) for GENCO 'm' for a study year 
‘y’ can be calculated according to equations (11) – (13) [3]: 
⎥⎥⎦
⎤⎢⎢⎣
⎡ −×+×= ∑∑
kall
cmsc
kall
cm ytkEytEytpytkEytkpytR ),,(),(),(),,(),,(),(   (11) 
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)M)((Profits      (13) 
Where; 
),( ytRm = revenue for plant m in time period t of year y 
),,( ytkpc = price for contract type k for time t in year y 
),,( ytkEc = contract quantity for contract k for time t in yr y 
),( ytps = simulated spot price during period t in year y  
),( ytEm = energy dispatch from plant m for time t in yr y  
)( ysProfit m = profits in year y from the plant m 
)),(( ytRTax m  = income tax of plant m for year y 
mSRMC  = Fuel cost + variable O&M cost of plant m 
m
yM = fixed O&M cost/year of plant m in year y ($/MW-yr) 
m
yC = investment cost of plant m in construction year y ($/yr) 
i = Risk free discount rate (%) and  
Y = Project life (Years) 
To address the risk in investment an index called Value at Risks (VaR) is 
used [12].  VaR measures the estimated loss of a portfolio due to market 
movements at a particular time horizon and for a given probability.  Analytically, 
VaR is a function of expected value, standard deviation and distribution type of 
NPV and investor's confidence level as shown in (14), where confidence level is a 
% cumulative probability of NPV. 
)(),(),1(,'(')( 1 NPVNPVEpdistcdfNPVEVaR σ−−= −   (14) 
Where, 
E(NPV)  = expected NPV 
1−cdf = inverse function of cumulative distribution  
dist  = distribution of expected NPV 
p  = confidence level (%) of investor GENCO  
)(NPVσ  = standard deviation of profits  
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Figure 2.  Flowchart for the proposed methodology 
4 Case Study and Simulation Results 
To examine the effectiveness of the proposed generation investment model, 
several case studies were completed using QLD system data.  In financial year 
2005/06, QLD system had 9,915 MW installed capacity and peak demand of 
8,295 MW [16].  In this study, QLD’s demand is taken as the net demand after 
adjusting the export and import from its neighboring state New South Wales.  
Plant data for 20 major market generators and regional reference price (RRP) of 
QLD are taken from [15-16].  Details of plant data are available in [19]. 
4.1 Price simulation results 
It is worth highlighting that the advantage of this proposed approach is the 
capability to incorporate the effect of less tangible factors such as speculation and 
market power on generation investment decisions. 
The MRJDP model developed in section 2 used to calculate the spot prices 
based on the observed normalized demand factors.  In order to calculate annual 
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revenue and risks for candidate plants in different cases, average ½ hourly pool 
prices for the period of one year (1/6/2005-31/5/2006) are simulated using the ½ 
hourly calibrated stochastic differential equation parameters.   
The plot of input data (spot price of QLD system) for 1/6/2005-31/5/2006 at 
12.00 AM is shown in Figure 3.  It can be noticed that jumps rapidly reverts to the 
long term equilibrium value.  This is an important aspect of the electricity price 
which is often explained by jump diffusion process.  
QLD spot price for 12.00 hrs for 1/6/2005-31/5/2006
0.00
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150.00
200.00
250.00
300.00
1 23 45 67 89 111 133 155 177 199 221 243 265 287 309 331 353
Days of the year
$/
M
W
h
Figure 3.  Spot price of Queensland market for 2005-2006 at 12.00 AM 
Figure 4 shows a plot of ‘in-sample’ output of simulated for ½ hourly prices 
(48 half hours) and annual average of actual electricity price for the same hour for 
financial year 2005/2006 of QLD market.  The agreement between the two curves 
suggests the effectiveness of price simulation process. 
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Figure 4.  ½ hourly simulated and original prices for 2005/06 
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This agreement is supported by the results of Figure 5 which show a plot of 
probability (pdf) and cumulative distribution function (cdf) of such simulated 
snapshot price and average original market price at 10.30 AM for QLD market.  
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Figure 5.  Probability distribution of price during 1/6/2005-31/5/2006 at 10.30 AM 
Very similar cumulative probability distributions for the two prices show 
that model can simulate the price accurately. 
The effectiveness of the price simulation method is assessed numerically 
using the Daily Mean Absolute Percentile Error MAPE [20] of real and predicted 
prices.  The values calculated are compared with the results from the similar time 
series technique for daily mean error (DME) from ARIMA technique [21] and 
mean weekly error (MWE) i.e. average of the seven daily mean errors from 
GARCH technique [22] and presented in Table-1.  It shows that the proposed 
model can simulate the pool prices with comparable accuracy.  However, these 
results are system dependent and are reliant upon the quality of the calibration 
process. 
Table 1: Error in simulated daily average price
Proposed model Other studies  
6.68 %  5 - 8% [21] 
9.6-12.4 % [22] 
4.2  Investigations on the investment viability 
In this model simulation of price and generation dispatch are made for annual 
value and hence annual profits and risks are compared for different cases.  
However, investors may require such analysis for extended periods (e.g. plant 
life).  In real life, evaluation of such extended period could not be meaningful as 
there are number of uncertainties.  Hence, decision process often has to consider 
the near term investment opportunities [3]. 
12
International Journal of Emerging Electric Power Systems, Vol. 11 [2010], Iss. 3, Art. 5
DOI: 10.2202/1553-779X.2502
Brought to you by | University of Queensland - UQ Library
Authenticated
Download Date | 10/28/15 3:18 AM
4.2.1  Technology options for efficiency and reliability 
To investigate the impact of plant efficiency and FOR, this study has used the 
technical and economic data of an innovative generator known as PowerformerTM 
[23-24].  PowerformerTM is a high voltage generator that produces electricity at 
high voltage (PowerformerTM installations with a terminal voltage of up to155 kV 
is already in the system) and it can be directly connected to the transmission grid 
without a step-up transformer.  Higher availability and better efficiency are the 
two important advantages of this machine.  Key data for the selected two 
candidate plants are shown in Table 2.  
Table 2: Data for Conventional and PowerformerTM plants [19] 
Generator plants Base load 
Coal Plant-350MW 
CCGT Peak 
Plant -320 MW 
Conventional plants   
FOR 0.05 0.044 
Heat Rate (MJ/MWh) 9112 7200 
Efficiency ( % ) 37.44 47.39 
PowerformerTM   
FOR 0.024 0.021 
Heat Rate (MJ/MWh) 8876 7050 
Efficiency (% ) 38.44 48.39 
Case studies with PowerformerTM and conventional generator for base load 
coal plant -350 MW and CCGT plant-320 MW are shown in Table 3.  The 
investment and fixed O&M costs for PowerformerTM are taken from [23].  
In both cases, revenue and profits are found to improve with 
PowerformerTM.  This improvement is substantial for a base load plant compared 
to peak load plant.  Due to improved reliability, generation capacity utilization of 
base plant increases from 75.06 to 77.12%; and this will increase the annual 
generation by 80.2 GWh.  This enables GENCO to receive extra revenue of 
1.985 M$/year.  In addition, the increase in efficiency of PowerformerTM reduces 
generation cost.  Thus, this cost increases by only 0.117 M$/year and the 
incremental benefit to cost ratio (incremental revenue/cost) will be 15.83. 
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Table 3: Performance of Conventional and PowerformerTM plants 
Generator Output Details 
Conventional PowerformerTM Benefit 
Base load Coal plant-350MW 
Generation (GWh/year) 2912.7 2992.9 80.2 
Plant utilization Factor (%) 75.06 77.12 2.06 
Revenue from sales (M$/year) 79.392 81.244 1.852 
Fuel + Var  O&M (M$/year) 29.774 29.891 0.117 
Investment/fixed cost (M$/year) 16.415 16.415 0 
Peak load CCGT plant-320MW 
Generation (GWh/year) 1179.20 1203.7 24.50 
Plant Factor (%) 34.96 35.69 0.73 
Revenue from sales (M$/year) 39.391 40.071 0.68 
Fuel & Var. O&M cost (M$/yr) 32.002 32.049 0.047 
Investment/fixed cost (M$/year) 11.24 11.24 0 
For CCGT plant, such improvement from PowerformerTM is relatively less.  
The running cost of CCGT plant is higher and as a result plant utilization is only 
34.96%.  Hence, improvement in efficiency and availability due to 
PowerformerTM will increase the plant utilization by 0.73% only.  For such plant, 
PowerformerTM would have a substantial benefit only at high system demand or 
during the period when cheaper plants are at maintenance.  Nonetheless, 
incremental benefit of PowerformerTM is comparable to that of the base load plant.  
This shows that the incremental benefits of PowerformerTM in both cases are 
similar even though overall benefits largely depend on the plant utilization.  
4.2.2  Contract market (bilateral contract and pool market) 
The preceding results have demonstrated the ability of the proposed approach to 
discriminate the viability of different technical options.  It is possible to use the 
same methodology to compare the impact of market structure on the viability of a 
generation investment, in this case, the ratio of bilateral contracts to spot market. 
In a competitive market GENCO's actual contract price and quantities are 
often not disclosed; and also risk premium are time varying and difficult to 
estimate at a time.  In this study, GENCO's bilateral contract scenarios and prices 
are developed based on the assumption presented in Table 4, where contract prices 
are assumed to be the average of pool price for contracted period.  However, 
evidence in the literature [25] show that the risk premium for electricity 
derivatives to be very high.  Hence, this assumption may under value the outcome 
from such contract. 
Table 4: Bilateral Contract price for Different plants 
Assumptions Base load 
plant 
Peak load plant 
Contract hours  24 hours 10.30-21.30 
Contract price ($/MWh) 27.64 39.17 
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Table 5 presents the simulated results for revenue and risks due to different 
bilateral contract based on the assumptions from Table 4.  It is demonstrated that 
plant's annual net present value (NPV) for both coal and CCGT plants increases 
with increase in bilateral contract quantity.  For base load, by increasing bilateral 
contract ratio from 0 to 100%, annual present value increases by 5.17%.  Whereas, 
for a peak plant, there is a substantial increase in plant's annual present value due 
to bilateral contract.  For this plant, by increasing bilateral contract from 0% to 
100%, its NPV increases by 128.72%. 
Table 5:  Impact of Bilateral Contract on Revenue and Risks 
% of bilateral  contract Details 
0% 20% 50 % 75% 100% 
A. Base load plant
Revenue (M$/year) 79.39 79.81 80.13 80.56 81.05 
Profits (M$/year) 49.62 50.04 50.36 50.79 51.28 
NPV (M$/year) 30.17 30.56 30.86 31.20 31.73 
VaR_95% (M$/year) 5.43 4.48 2.94 0.003 1.34 
B. Peak load plant
Revenue (M$/year) 39.39 40.78 42.18 43.13 45.28 
Profits (M$/year) 7.39 8.67 10.02 11.34 13.29 
NPV (M$/year) -4.30 -3.10 -1.83 -0.60 1.24 
VaR_95% (M$/year) 5.43 4.13 4.56 3.08 4.46 
Normally, price taker peak plants are not cleared in the pool market for 
several hours in a day and such plants cannot earn profit unless their substantial 
capacity is hedged through bilateral contract. 
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Figure 6.  Distribution of NPV with different contract of CCGT Peak plant 
Figure 6 illustrates the simulated cumulative distribution function of NPV 
for different proportions of bilateral contract.  It shows that only with more than 
80% of bilateral contract can a peak plant generate positive NPV.  Nonetheless, 
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these results are dependent upon the contract price assumptions.  Changes in 
assumptions may lead to very different outcome.  
Generators may hedge their market risks through several financial tools and 
derivative markets.  Bilateral contract is one of such financial tools mostly used by 
GENCOs [16].  Figure 7 and Figure 8 show the simulation results for NPV and 
VaR with varying bilateral contracts for two different generator types.  In both 
cases, initially VaR decreases with increasing bilateral contracts, it is due to the 
increased proportion of revenue provided from such fixed price contracts.  In such 
case, revenue will be less volatile and hence less value of VaR.  However, once 
the bilateral contract quantity exceeds the plant's dispatched MW (generation), 
revenue will be more uncertain and hence VaR increases.  In this case, any supply 
above the plant's own generation has to be supplied from a pool market at pool 
prices.  In such case, obviously GENCOs are exposed to higher risks. 
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Figure 7.  NPV and VaR profile with different contract for base load plant 
The model shows that when GENCOs have their bilateral contract equal to 
their expected generation, for the selected base load coal plant (this is 75% of 
plant capacity); they are not exposed to market risk.  Such trade-off between the 
revenue (NPV) and risks (VaR) mostly depend on the individual companies' 
appetite for risks. 
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Figure 8.  NPV and VaR profile with different contract for CCGT Peak plant 
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Similarly, Figure 8 shows the CCGT plant's profile of NPV and VaR with 
different contract quantities.  Being a marginal plant for most of the time its 
generation varies with system demand.  Fluctuation in demand introduces volatility 
in generation, and hence VaR always tends to be higher.  Unlike base load coal 
plant, in this case there will be more uncertainties in plant generation; hence, the 
result indicates that, with higher proportion of bilateral contract alone does not 
always reduce the risks.  This is because once the contracted bilateral quantity 
exceeds the plant’s actual dispatch (in this case 35% of plant maximum capacity), it 
has to supply from pool market at pool prices to meet such extra contract quantity 
and which will expose to more market uncertainties. 
4.2.3 System demand and supply conditions 
System demand and available supply are another important factors affecting 
investment viability in market environment.  As discussed in Section 3, market 
prices vary with the demand and supply condition.  To analyze the impact of 
demand and supply on generation, revenue and risks, generation dispatch and 
market prices are simulated for different normalized demands.  These different 
scenarios are created by changing the value of observed normalized demand ‘D’ 
in (8-10) from 90% to 110% for every ½ hourly simulations.  For this, a 
normalized demand multiplier (DM) ratio from 0.9 to 1.1 is applied for sensitivity 
study.  
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Figure 9. Price distribution for different normalized demand multiples (DM) simulated for 6.00 am of 2005/06. 
Figure 9 illustrates the impact of the change in normalized demand on spot 
prices.  It shows the probability distributions of simulated prices for a specific ½ 
hour interval for different normalized demand conditions.  It indicates that increases 
in normalized demand increases both the mean and variance/volatility in spot prices.  
In this example, when the normalized demand is varied from 90% to 110%, the 
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mean and standard deviation of simulated price increases from 12.12 $/MWh and 
1.42 $/MWh to 16.912 $/MWh and 2.057 $/MWh respectively.  The results show 
that new generation capacity will affect the price of electricity.  As a result, there 
will be additional uncertainty in the investment.  
The impact on the revenue and risks due to such changes in normalized 
demand for both type of plants are simulated for 50% bilateral contract and shown 
in Figure 10.  Energy dispatch and revenue for both base load and peak load plants 
are simulated by varying the normalized demand from 90% to 110%.  It is 
observed that, for this range, energy dispatch for base load plant is not affected.  
Revenue changes will be due to the changes in prices only.  For example, when 
normalized demand is increased from 100 to 110%, revenue increases from 78.472 
to 81.6 M$/yr. If normalized demand is set to 90%, revenue will decrease to 
76.0 M$/yr.  In contrast, the peak load plant's revenue is substantially affected by 
variation in demand and supply.  Here, revenue for this generator is affected not 
only by market prices, but also from energy generation.  In this case, by increasing 
normalized demand from 100 to 110%, energy dispatch of plant increases from 
417.6 to 1422.3 GWh/yr and revenue from 15.9 to 58.04 M$/yr. 
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Figure 10.  Generation and revenue at different normalized demand multiples 
On the other hand, if the normalized demand is set to 90%, the generation 
and revenue will decrease to 123.7 GWh/yr and 10.608 M$/yr respectively.  
Hence, unlike in base load plant, investments in peak load plants are exposed to 
more uncertainties with the demand and supply fluctuation. 
5 Conclusions 
An enhanced MRJDP price simulation model able to capture the demand and 
supply effecting price determination is developed.  The proposed price simulation 
model is found to be a better model with respect to its simplicity and accuracy.  
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The proposed model simulates the market behavior for a complete simulation year 
in a fairly shorter time compared to other commercial software. 
Simulations on risks due to bilateral contract show that in order to minimize 
the risks, GENCO should not exceed their bilateral contract quantity above its 
expected generation.  
Similarly, the proposed model can assess the indicative bilateral contract 
quantity for a peak load plant to earn positive NPV.  Simulation results on the 
impact of system load and supply on plants' revenue and risks show that peak load 
plant to be highly susceptible to system demand and supply conditions. 
In conclusion, the proposed generation investment model is found to be well 
capable of simulating the expected revenue and risks based on plants' efficiency 
and reliability, markets structure and system supply and demand conditions. 
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